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Cost Behavior and Stock Returns
Abstract
This paper shows that investors do not fully incorporate cost behavior information into
valuation. Firms with higher growth in operating costs generate substantially lower future stock
returns and operating performance. An equal-weighted long-short spread portfolio earns an
average return of 82 basis points per month that is robust to a number of specifications. The
negative cost growth-return relation is much stronger around earnings announcement days and
among firms with lower investor attention, higher idiosyncratic volatility, and higher transaction
costs, suggesting that investor underreaction and limits to arbitrage mainly drive the effect.
JEL Classification: G12, D21, G14
Keywords: Cost behavior; sticky costs; operating costs; investor underreaction; limits to arbitrage.
I. Introduction
It has been well documented that earnings and earnings components significantly forecast
future stock returns. For examples, Ball and Brown (1968), Bernard and Thomas (1989), Piotroski
(2000), Kothari (2001), Livnat and Mendenhall (2006), Novy-Marx (2013), Fama and French
(2015), and Hou, Xue, and Zhang (2015), among many others, find that earnings levels and
surprises positively predict future stock returns, and help to account for a large number of well
documented anomalies. In addition, Ertimur, Livnat, and Martikainen (2003) and Jegadeesh
and Livnat (2006) show that sales surprise, as a component of earnings, leads to a positive,
contemporaneous market reaction, while Lakonishok Shleifer, and Vishny (1994) find that high
sales growth predicts low returns in the long run up to the next five years. Sloan (1996), DeFond
and Park (2001), and Dechow, Richardson, and Sloan (2008) show that accruals (cash flows)
negatively (positively) predict future stock returns. However, to our knowledge, there is no study
that exclusively focuses on the predictive power of cost behavior on stock returns.1
In this paper, we show that cost growth, a simple cost behavior measure, is a strong and
negative predictor of the cross section of stock returns over the sample period from 1968 through
2015. Specifically, we define cost growth as the year-to-year percentage change in a firm’s total
operating costs (the sum of costs of goods sold (COGS) and selling, general, and administrative
expenses (XSGA)). Sorting by firms’ pervious-year cost growth, with equal-weighting, the average
excess return is 1.05% per month for the lowest cost growth decile portfolio and 0.24% for the
highest cost growth decile portfolio, which means that a spread portfolio that goes long the lowest
cost growth decile portfolio and short the highest cost growth decile portfolio generates a monthly
average return of about 0.82%.2 Moreover, this spread portfolio cannot be explained by extant risk
factors. The monthly alpha is 0.66% with the Fama and French (FF5, 2015) five-factor model, and
1Existing cost studies, such as Anderson, Banker, and Janakiraman (2003), Banker and Chen (2006), and
Weiss (2010), document costs impact on firms’ future profitability and earnings, but not on cross-sectional return
predictability that yields abnormal returns.
2The value-weighted portfolio average return is not significant from zero. Section III.B discusses alternative
weighting approaches.
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is 0.63% with the Hou, Xue, and Zhang (HXZ, 2015) q-factor model.
We find that the predictive ability of cost growth is significantly distinct from earnings
surprises and profits. Intuitively, earnings surprise captures whether current earnings are above
or below expected earnings, and earnings level reflects whether a firm is currently profitable or
not. In contrast, cost growth simply represents whether a firm is decreasing or increasing operating
expenditures, which should be one important determinant of expected earnings, and therefore, they
are conceptually different. Empirically, we control for five popular earnings-related measures,
including quarterly earnings surprises, annual earnings surprises, gross profit, return on asset, and
return on equity, and find that the regression slope on cost growth remains significant. Thus, the
market slowly adjusts to the cost growth information.
Lakonishok, Shleifer, and Vishny (1994) show that firms with high sales growth generate
low returns. We find that cost growth dominates sales growth in forecasting stock returns: costs
growth remains significant after controlling for sales growth, whereas sales growth turns out to be
insignificant. In this sense, once investors consider the cost growth effect, sales growth becomes
redundant and does not add any additional economic value for investing, implying that investors
are more likely to misvalue relevant information in costs than sales, since the former is less salient
and more uncertain.
In further tests, we compare cost growth with seven investment- and growth-related firm
characteristics, including accruals (Sloan (1996)), net operating assets (Hirshleifer, Hou, Teoh,
and Zhang (2004)), investment-to-asset (Lyandres, Sun, and Zhang (2008)), asset growth (Cooper,
Gulen, and Schill (2008)), investment growth (Xing (2008)), and abnormal capital investment
(Titman, Wei, and Xie (2004)). We find that the negative cost growth-return relation continues to
hold and therefore, cost growth contains distinct information beyond investment about future stock
returns.
Our findings are also robust to alternative definitions of operating costs like including
depreciation and amortization expenses, excluding R&D expenses, scaling changes in costs with
alternative deflators such as lagged total asset, or calculating the total operating costs indirectly as
the difference between sales and earnings.
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Why do costs contain unique information for future stock returns? We argue that while
earnings reflect a firm’s current profitability, costs may contain incremental information about
the firm’s future profitability and stock returns, especially when the correlation between costs
and earnings is not perfect and costs tend to be more persistent and sticky (Anderson, Banker,
and Janakiraman (2003)). In addition, investors may be more prone to display behavioral biases
when processing information related to cost behavior. Indeed, Fiske and Taylor (1991) and Libby,
Bloomfield, and Nelson (2002) find that investors tend to value a firm only based on a few salient
variables such as earnings rather than performing a complete analysis of all relevant variables
in financial statements, even if some less salient components like cost growth contain additional
information beyond earnings. Also, financial analysts concentrate most of their attention on
earnings and financial economists are more concerned with dividends and cash flows. As a result,
we turn to mispricing explanations.
We consider two types of mispricing factor models, Hirshleifer and Jiang (2010) and
Stambaugh and Yu (2017), which are designed to capture common tendencies for mis-valuation
in the cross section of stock returns. We find that both mispricing models describe about half of
the cost growth spread portfolio average return with alphas about 5–6% per year, suggesting that
irrational investor behaviors play an important role in explaining the cost growth effect.
The negative relation between cost growth and stock returns is inconsistent with investor
overreaction and sentiment. First, if irrational investors overreact to information in cost growth,
the stock price should reverse back to the fundamental value later, since the resulting price would
not be supported by the fundamental. However, we find that the negative abnormal return following
high cost growth persists beyond the first year and lasts about five years without a reversal after
portfolio formation. Second, different from Baker and Wurgler (2006) and Staumbuagh, Yu, and
Yuan (2012), untabulated results show that the cost growth effect is not concentrated within high
sentiment periods, suggesting that investor sentiment does not play a significant role in our findings
either.
We further test whether the cost growth effect is driven by investor underreaction. Recent
literature suggests that investors with behavioral biases may be inattentive and slow in updating
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their beliefs when facing new public information (Daniel, Hirshleifer, and Subrahmanyam (1998),
Hirshleifer and Teoh (2003), Peng and Xiong (2006), Hirshleifer, Lim, and Teoh (2009)). Since
cost growth negatively predicts both future profitability and stock returns, it is possible that
irrational investors underreact to the predictive information about future performance contained in
cost growth, which induces mispricing and predictable price corrections in the opposite direction
to cost growth over time.
We perform three tests to show that investor underreaction is a potential explanation. First, we
show that the cost growth effect is about four times higher on earnings announcement days than
non-announcement days, which suggests that there are substantial price corrections associated
with cost growth occurring around subsequent earnings releases, as the new information causes
investors to revise their prior biased beliefs. Second, we examine the role of investor attention
and find that the cost growth effect is stronger among firms with less attention from investors, i.e.,
firms with lower analyst coverage, smaller size, and younger age. Finally, if the negative cost
growth effect reflects investor underreaction, it should be stronger among firms where arbitrage is
costly and limited due to market frictions. We find that the negative cost growth-return relation is
stronger among firms with higher idiosyncratic volatility, lower share price, higher illiquidity, and
lower dollar volume. This evidence suggests that limits to arbitrage slow down the incorporation of
information in cost growth into stock prices, providing further support that investor underreaction
plays an important role.
This paper is related to the literature that operating costs contain incremental valuation
information beyond earnings. Lipe (1986) finds that the contemporaneous stock price reacts
strongly to five cost components. Ertimur, Livnat, and Martikainen (2003) compare differential
contemporaneous market reactions to sales and cost surprises using three-day cumulative returns
centered on preliminary earnings announcement days. Anderson, Banker, Huang, and Janakiraman
(2007) find that investors seem to misinterpret sticky cost behavior in SG&A as a signal of poor
managerial control. However, most existing studies focus on the contemporaneous relationship
around the earnings announcement events, and there is little research that explicitly examines the
4
predictive relationship between cost behavior and future stock returns.3
The rest of this paper is organized as follows. Section II introduces the data and key variables
used in this paper. Section III shows that cost growth negatively predicts future stock returns using
both portfolio sorts and Fama-MacBeth regressions. Section IV explores the potential economic
explanations for the cost growth effect. Section V concludes.
II. Data
We obtain annual accounting data from Compustat, monthly and daily stock return data from
CRSP, and analyst coverage data from I/B/E/S. We use the one-month T-bill rate from Ken French’s
web site as the risk-free rate. We consider all domestic common stocks trading on the New
York Stock Exchange (NYSE), American Stock Exchange (Amex), and Nasdaq stock markets
with accounting and returns data available. We exclude the closed-end funds, trusts, American
Depository Receipts (ADRs), Real Estate Investment Trusts (REITs), and units of beneficial
interest. We also exclude firms with negative book value of equity.4 To ensure a reasonable number
of firms in our early sample, we restrict the sample period to be 1966–2014 for accounting data
and July 1968 to December 2015 (570 months) for stock returns. To reduce the impact of outliers,
we winsorize all independent variables at the 1% and 99% levels throughout the paper.
Our main explanatory variable, cost growth (CG) in calendar year t, is defined as the year-to-
year percentage change in a firm’s total annual operating costs (OC) from the fiscal year ending in
3Indeed, in their recent reviews on variables forecasting the cross section of stock returns, Green, Hand, and
Zhang (2013), (2017), McLean and Pontiff (2016), Harvey, Liu, and Zhu (2016), and Hou, Xue, and Zhang (2017) list
hundreds of firm characteristics and risks, but none of them explicitly considers the pricing information in costs.
4We calculate the book value of equity as shareholders’ equity (SEQ), plus balance sheet deferred taxes and
investment tax credits (TXDITC) if available, and minus the book value of preferred stock. We set missing values of
TXDITC equal to zero. To calculate the value of preferred stock, we set it equal to the redemption value (PSTKRV)
if available, the liquidating value (PSTKL) if available, or the par value (PSTK), in that order. If SEQ is missing, we
set stockholder’ equity equal to the value of common equity plus the par value of preferred stock (CEQ+PSTK) if
available, or total assets minus total liabilities (AT-LT), in that order.
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calendar year t−1 to the fiscal year ending in calendar year t,
CGt =
OCt−OCt−1
OCt−1
. (1)
Following Penman (2012), the operating costs are the sum of costs of goods sold (COGS) and
selling, general, and administrative expenses (XSGA),
OCt = COGSt+XSGAt . (2)
To include a firm’s CGt in our sample, it must have positive nonmissing operating costs in both
years t and t− 1. According to the U.S. Generally Accepted Accounting Principles (GAAP) and
Compustat, COGS represents all costs that are directly related to the cost of merchandise purchased
or the cost of goods manufactured and sold to customers, such as raw materials and direct labor.
XSGA includes all operation costs incurred in the regular course of business pertaining to the
securing of operating income but not directly related to product production, such as corporate
expenses, advertisement expenses, and amortization of research and development (R&D) expenses.
In this paper, we focus on total operating costs, since they include all the major operating costs
of running a business beyond specific cost components like COGS or XSGA alone. Moreover, the
accounting classification of COGS and XSGA may be subject to managerial judgment, which
may introduce bias into the cost growth estimate. Our cost growth measure then provides broad
insights into the relationship between cost behavior and future stock returns. In Section III Table
8, we show that our results are robust to a bunch of alternative definitions of operating costs.
Our operating cost measure does not include depreciation and amortization expenses, since a
firm’s depreciation may depend on the accounting rules it chooses, which may not be related to its
business fundamentals. Following GAAP, OC includes a firm’s R&D expenses, since the valuation
of these investment in intangible innovation assets is uncertain, subjective, and open to managerial
manipulation and bias. In Section III.G, we show that including depreciation, removing R&D, and
scaling the costs changes by alternative deflators like lagged total assets do not change the results.
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In unreported tables, we obtain similar results when we define total operating costs indirectly as
the difference between sales and income before extraordinary items, which may include interest
expenses and taxes, rather than the sum of COGS and XSGA.
III. Empirical Results
We investigate the relation between cost growth and future stock returns with the two
commonly used approaches in the literature, portfolio sort and Fama-MacBeth regression
A. Portfolio sorts on cost growth
At the end of June of each year t+1, with NYSE breakpoints, we form decile portfolios based
on cost growth for the fiscal year ending in calendar year t. These portfolios are equal-weighted
and held for one year, from July of year t+1 to June of year t+2. Decile 1 refers to firms with the
lowest cost growth, and decile 10 refers to firms with the highest cost growth. “Low-High” refers
to the cost growth spread portfolio that goes long the lowest cost growth decile portfolio and short
the highest cost growth decile portfolio.
Panel A of Table 1 shows that the monthly average excess returns of the decile portfolios
generally decrease with respect to cost growth, from 1.05% for the lowest cost growth decile
portfolio to 0.24% for the highest cost growth decile portfolio. The average return of the spread
portfolio is around 0.82% per month with a t-statistic of 7.61, suggesting that a trading strategy
that buys the lowest cost growth decile portfolio and sells the highest cost growth decile portfolio
will earn an average compound return of roughly 11% per year (the risk-free rate is 0.41% per
month in our sample period).
We then examine whether the cost growth decile portfolios can be explained by the two
most recently developed factor models, Fama and French (2015) five-factor model and Hou, Xue,
and Zhang (2015) q-factor model. In a comparison study with hundreds of significant anomalies,
Hou, Xue, and Zhang (2017) show that these two models perform the best in describing the cross
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section of stock returns. We compute the alphas (abnormal returns) by regressing the time series
of monthly excess portfolio returns on the factor returns of the two models separately.
Panel B of Table 1 presents the alpha and factor loadings on the Fama-French five factors,
MKT, SMB, HML, RMW (robust-minus-weak profitability), and CMA (conservative-minus-
aggressive investment). Similar as the average excess returns, the alphas of cost growth portfolios
decrease in general, from 0.42% (t = 2.80) per month for the lowest cost growth decile portfolio
to −0.24% (t = −1.73) for the highest cost growth decile portfolio, which suggests that the cost
growth spread portfolio can deliver a 0.66% (t = 6.70) abnormal return per month. The signs of
alphas indicate that firms with low cost growth are underpriced and firms with high cost growth
are overpriced. The cost growth spread portfolio has negative exposures on MKT and RMW,
suggesting that it is a hedge to market movements and the profitability strategy. The loadings on
SMB and CMA are positive, suggesting that the cost growth effect is stronger in small firms and
high cost growth firms are also those with more aggressive investments.
Panel C of Table 1 presents the results with the Hou-Xue-Zhang four factors, MKT, ME, I/A,
and ROE. Different from Panel B, firms in the lowest cost growth decile portfolio are undervalued
with a significant alpha of 0.64% (t = 3.71) per month, whereas firms in the highest cost growth
decile portfolio are fairly valued with an insignificant alpha of 0.01% (t = 0.08). As such, the alpha
of the spread portfolio is still large, 0.63% (t = 5.75) per month. Similar with Panel B, the spread
portfolio has negative exposures on MKT and ROE, and positive exposures on ME and I/A.
Harvey, Liu, and Zhu (2016) raise the data mining concern on anomaly discovery and suggest
a higher hurdle with a t-statistic greater than 3 in testing that whether the average return of a spread
portfolio of the newly discovered anomaly is zero. They also suggest that anomalies based on
economic theories are more meaningful. Regarding this paper, operating costs are linked to the
standard earnings identity and accounting valuation theory, and the abnormal return of the cost
growth spread portfolio passes the high t-statistic hurdle.
Figure 1 plots the average annual raw and abnormal returns of the cost growth spread portfolio
in the subsequent five years following portfolio formation. The abnormal returns are computed as
the intercepts from the time series regressions of the spread portfolio returns on the Fama-French
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five factors and Hou-Xue-Zhang four factors, respectively. At the end of June of each year t+ 1
(event-year 0), we form decile portfolios based on cost growth in fiscal year ending in calendar
year t. These portfolios are equal-weighted and held for five years, from July of year t+1 to June
of year t+6. The average annual return from July of year t+1 to June of year t+2 is labeled as
event-year 1, and from July of year t+2 to June of year t+3 is labeled as event-year 2, etc.
Figure 1 shows that firms in the lowest cost growth decile consistently generate higher returns
than firms in the highest cost growth decile for five years in terms of both raw and abnormal
returns. The average raw and abnormal returns of the cost growth spread portfolio are positive and
large, with virtually no reversal. This finding suggests that the market takes several years to fully
incorporate the valuation information about a firm’s fundamentals embedded in cost growth.
Overall, our cost behavior measure, cost growth, appears to be a negative predictor for future
stock returns in the cross section. A simple cost growth strategy of going long low cost growth
stocks and short high cost growth stocks can generate sizeable abnormal returns that cannot be
explained by extant risk factors.
B. Alternative portfolio weighting
As shown by Loughran and Ritter (2000) and Asparouhova, Bessembinder, and Kalcheva
(2013) that equal-weighting for portfolio analysis has relative strengths and weaknesses, we
consider three alternative portfolio weighting approaches in this section.
The first approach is value-weighting, which is also a standard approach in the literature.
Unreported results show that the value-weighted cost growth spread portfolio average return and
alphas are not significant. The reason for this insignificance seems intuitive. One the one hand,
value-weighted portfolios are dominated by megacap stocks. For example, Novy-Marx (2013)
shows that fewer than 350 stocks make up roughly three-quarters of the market capitalization. On
the other hand, magacap stocks unlikely suffer from investor behavioral biases and market frictions
such as limits to arbitrage. Indeed, Fama and French (2015) find that only small firms plague their
five-factor model. As a result, the value-weighted cost growth spread portfolio is more likely to
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have negligible average return and alphas, especially when the cost growth effect is mainly driven
by investor inattention and limits to arbitrage, which will be discussed in Section IV.
Panel A of Table 2 presents the value-weighted portfolio average returns and alphas when
some megacap stocks are excluded in the single portfolio sort. Specifically, when firms in the
largest 10% NYSE market cap percentiles are excluded, the cost growth spread portfolio earns
a monthly average return of 0.27% (t = 1.93), which is larger than that without filtering, 0.17%
(t = 1.15). In this case, however, the alphas with the Fama-French five-factor model and the Hou-
Xue-Zhang q-factor model are not significant, −0.12% (t = −1.14) and −0.18% (t = −1.52).
When firms in the largest 40% NYSE market cap percentiles are excluded, the cost growth spread
portfolio average return increases to 0.39% (t = 1.93) per month. In this case, the alphas with the
two benchmark models are significant, 0.22% (t = 2.27) and 0.20% (t = 1.85). Thus, the negative
cost growth-return relation is mainly driven by small stocks.
The second approach is the lagged 1-month gross return-weighting. Asparouhova, Bessem-
binder, and Kalcheva (2013) show that in the presence of price noises that may arise from
microstructure frictions or investor behavioral biases, value-weighted portfolios tend to put more
weights on large firms. As such, they propose the lagged 1-month gross return-weighting approach.
Panel B of Table 2 shows the cost growth decile portfolio average returns and alphas with this
weighting approach. On average, the average returns shrink by 10-20 basis points per month
relative to the equal-weighting. For example, the average returns of the lowest and highest cost
growth decile portfolios are 1.05% (t = 3.47) and 0.24% (t = 0.78) with equal-weighting, and are
0.83% (t = 2.77) and 0.10% (t = 0.33) with lagged 1-month gross return-weighting. As such, the
spread portfolio has a monthly average return of 0.73% (t = 3.48). The alphas with the Fama-
French five-factor model and the Hou-Xue-Zhang q-factor model are still large and significant,
0.57% (t = 5.81) and 0.55% (t = 4.98).
Finally, the third approach is volatility-weighting, which weights each stock return with the
inverse of its realized volatility, where realized volatility is estimated with the past 250 daily
returns, with a minimum requirement of 100 days. This weighting approach puts less weights
on high volatility stocks and is motivated by the literature that documents significant economic
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gains with volatility timing (e.g., Fleming, Kirby, Ostdiek (2001)). More recently, Barroso and
Santa-Clara (2015) and Moreira and Muir (2017) extend this volatility timing strategy to asset
pricing factors or characteristic portfolios, such as market, size, and momentum portfolios. Panel
B of Table 2 shows that volatility-weighted cost growth portfolios generate comparable, or even
slightly stronger, average returns and alphas. The spread portfolio has a monthly average return
of 0.88% (t = 2.19) and Fama-French five-factor and Hou-Xue-Zhang q-factor alphas of 0.62%
(t = 2.47) and 0.72% (t = 1.89), respectively.
C. Controlling for firm characteristics
In this subsection, we employ the Fama-MacBeth regression to investigate that wether the
cost growth effect is driven by firm characteristics. Particularly, we compare cost growth with
firm size, book-to-market ratio, momentum, short-term reversal, and industry fixed effect based
on the 48 industry classification in Fama and French (1997) (to control for any industry-specific
characteristics).
Table 3 reports the monthly Fama-MacBeth regression coefficients and their t-statistics. To
ensure that regression coefficients are comparable across different model specifications, we trim
on a table-by-table basis throughout the paper. Hence, different specifications within each table
are based on the same observations. For example, the data in Column 1 are the same data used
in Columns 2 through 7 of Table 3. Column 1 shows the predictive power of cost growth without
any control. The coefficient on cost growth is −0.919 with a t-statistic of −8.06. After controlling
for size and book-to-market ratio (Column 2), the regression coefficient remains −0.687 with a
t-statistic of −6.98. When we further control for the momentum and reversal effects (Column 3),
the regression coefficient is−0.717 (t =−8.08). The regression coefficients on firm characteristics
are generally consistent with the literature. Size and reversal are negative predictors of future stock
returns, whereas book-to-market ratio and momentum are positive predictors.
Columns 4 to 6 of Table 3 show that the industry fixed effect does not subsume the predictive
power of cost growth. While the t-statistics of cost growth become slightly larger in absolute value
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than the corresponding ones without controlling for industry dummies, the regression coefficients
are generally unchanged. Column 7 considers the case when cost growth is demeaned by industry.
Interestingly, although industry adjustment removes the industry-level shocks, cost growth displays
almost the same power in forecasting stock returns, with a t-statistic of−9.54. Summarizing Table
3, we conclude that the negative cost growth-return relation is robust after controlling for size,
book-to-market, momentum, reversal, and industry fixed effect.
D. Comparing with earnings and profitability
Since costs are a component of earnings and earnings are equal to sales minus costs, the
cost growth effect may be driven by earnings-related characteristics. To alleviate this concern, we
control for five earnings-related characteristics in the Fama-MacBeth regression.
The first is the quarterly standardized unexpected earnings (SUEQ), calculated as the most
recently announced quarterly earnings minus the quarterly earnings four quarters ago, divided by
its standard deviation estimated over the prior eight quarters. The second is the annual standardized
unexpected earnings (SUEA) and is calculated as the annual earnings per share before extraordinary
items (EPS) in the fiscal year ending in calendar year t minus the annual EPS one year ago in year
t−1, divided by the stock price per share at the end of year t (Livnat and Mendenhall (2006)). The
third and forth are gross profitability (GP) and return on asset (ROA). The fifth and last is return on
equity (ROE), calculated as the annual income before extraordinary items (IB) in fiscal year ending
in calendar year t scaled by book value of equity (Novy-Marx (2013)). All of these variables are
positively associated with subsequent stock returns.
In Table 4, we run the Fama-MacBeth regression of monthly stock returns on lagged cost
growth and one of the five earnings-related characteristics. As in Table 3, we also control for
size, book-to-market ratio, momentum, and reversal. The regression coefficient on cost growth
is −0.592 (t = −4.88) after controlling for quarterly earnings surprise, −0.711 (t = −7.91)
after controlling for annual earnings surprise, −0.774 (t = −8.77) after controlling for gross
profitability, −0.757 (t = −8.84) after controlling for return of asset, and −0.747 (t = −8.54)
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after controlling for return on equity, respectively. We do not report the results by including
all the controls in a single kitchen-sink regression due to the serious multicollinearity problem.
Overall, cost growth contains unique and incremental forecasting information beyond earnings
and profitability.
E. Comparing with sales growth
Lakonishok Shleifer, and Vishny (1994) show that firms with higher sales growth generate
substantially lower returns due to investors’ over-extrapolation of past gains. In this section, we
compare the negative cost growth effect with the sales growth effect by employing a “sales growth”
versus “production efficiency” decomposition.
In the spirit of Richardson Sloan, Soliman, and Tuna (2006), we decompose cost growth (CG)
into sales growth (SG) minus the change in markup (∆MU) minus the interaction between sales
growth and change in markup (SG∗∆MU),
CGt ≡ SGt−∆MUt−SGt ∗∆MUt . (3)
The sales growth, SGt , is defined as the percentage change in sales (REVT) from fiscal year ending
in calendar year t−1 to fiscal year ending in calendar year t,
SGt =
REVTt−REVTt−1
REVTt−1
. (4)
∆MUt denotes the change in percentage markup (MU) from fiscal year ending in calendar year
t−1 to fiscal year ending in calendar year t scaled by markup in year t,
∆MUt =
MUt−MUt−1
MUt
=
(REVTt/OCt)− (REVTt−1/OCt−1)
REVTt/OCt
, (5)
where markup (MU) is the ratio of sales (REVT) to operating costs (OC).
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Intuitively, based on the cost behavior model in management accounting (Garrison and
Noreen, 2002), firms with high cost growth may experience high growth in sales (outputs) or
reduction in production efficiency (profitability). For example, if efficiency remains unchanged,
sales growth will lead to growth in operating costs. On the other hand, in the absence of sales
growth, reductions in efficiency will lead to growth in operating costs to generate the same level of
outputs. In the decomposition (3), SGt reflects the component that is attributable to sales growth,
and ∆MUt then reflects the component that is attributable to less efficient use of inputs. The
decomposition also contains an interaction term, indicating that a simple linear decomposition is
not appropriate when sales growth and efficiency changes are correlated. Empirically, we find that
sales growth (SGt) and change in markup (∆MUt) are positively correlated, indicating that firms
with increase in sales growth tend to experience increase in production efficiency.5 Therefore, our
decomposition is an algebraic identity and helps mitigate the estimation error concern (e.g., the
sensitivity of cost growth to sales growth) and the misspecificatin concern (e.g., the nonlinear
interaction between sales growth and change in efficiency) for statistically oriented regression
specifications.
Table 5 reports the Fama-MacBeth regression results of monthly stock returns on sales growth
and sales growth. Column 1 reports the forecasting performance of cost growth as a benchmark.
Columns 2 to 4 conduct the pairwise Fama-MacBeth regressions, where sales growth, change in
markup, and the interaction components are added into the regression one-by-one alongp with
cost growth. We find that the predictive power of cost growth remains strong and significant after
controlling for all these three components. In contrast, sales growth, change in markup, and the
interaction term are not significant. In this sense, cost growth fully subsumes all information in
sales growth in predicting future stock returns.
Given Table 5, one natural question is whether the systemic component of cost growth also
subsumes the systemic information in sales growth. We extend the Fama-French five-factor model
5The economy of scale implies a positive correlation between sales growth and change in efficiency, because
increases in sales lead to lower marginal operating costs, thus higher efficiency. Sticky costs imply a positive
correlation too, because costs saving will be limited when sales decrease, leading to lower efficiency and earnings.
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and Hou-Xue-Zhang q-factor model by including the sales growth spread portfolio or the cost
growth spread portfolio as an additional factor, and regress the sales growth and the cost growth
spread portfolios on the augmented factor models separately. Table 6 reports the results. To avoid
the concern that sales growth and cost growth are calculated with different denominators, we use
lagged costs as the uniform denominator in this table.
When regressing the sales growth spread portfolio on the Fama-French five factors and Hou-
Xue-Zhang four factors, the alphas are 0.60% (t = 5.61) and 0.65% (t = 5.65), respectively.
When the cost growth spread portfolio is added in the regressions, the alphas become negligible,
−0.02% (t =−0.30) and 0.06% (t = 1.06). The loading on the cost growth spread portfolio is 0.94
(t = 27.73) with the Fama-French five-factor model and 0.93 (t = 31.19) with the Hou-Xue-Zhang
q-factor model.
When the sales growth spread portfolio is added to the two factor models, the alphas of the
cost growth spread portfolio are still significant, 0.20% (t = 4.06) and 0.12% (t = 2.16). This
suggests that, even after controlling for sales growth, a strategy of buying the lowest cost growth
decile portfolio and selling the highest cost growth decile portfolio would earn a significant payoff
per month. Thus, although cost growth captures sales growth, the converse is not true.
Table 6 also reports the results on the earnings growth spread portfolio. Different with Fama
and French (2006), in our sample period 1968–2015, the spread portfolio cannot be explained
by the two factor models with significant alphas. However, its alpha become insignificant when
the two models are augmented with the cost growth spread portfolio. In sum, cost growth fully
subsumes the firm-specific and systematic components of sales growth in predicting future stock
returns.
F. Comparing with investment-related determinants
In this subsection, we compare cost growth with accruals (Sloan (1996)), net operating assets
(Hirshleifer, Hou, Teoh, and Zhang (2004)), investment to assets (Lyandres, Sun, and Zhang
(2008)), asset growth (Cooper, Gulen, and Schill (2008)), investment growth (Xing (2008)), and
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capital investment (Titman, Wei, and Xie (2004)), all of which are related to investment and asset
growth, and are negative predictors of the cross section of stock returns.
In Table 7, we run the Fama-MacBeth regressions of monthly stock returns on lagged cost
growth and one of the six controls. Again, we do not report the results for the kitchen-sink model
of including all the controls in a single regression. The regression coefficient on cost growth
is −0.552 (t = −5.83) after controlling for accruals, −0.491 (t = −5.55) after controlling for net
operating assets,−0.443 (t =−4.58) after controlling for investment to assets,−0.420 (t =−4.83)
after controlling for asset growth,−0.600 (t =−6.38) after controlling for investment growth, and
−0.579 (t = −5.61) after controlling for abnormal capital investment, respectively. As such, cost
growth contains unique and incremental forecasting information for future stock returns, beyond
that contained in investment and asset growth-related variables.
G. Alternative measures of cost growth
In this section we show that ourp finding is also robust to alternative definitions of cost
growth. First, our operating costs measure, OC in expression (2), includes all the major operating
costs of running a business beyond specific individual cost components such as the costs of goods
sold (COGS) and selling, general, and administration expenses (XSGA). Hence, the OC measure
provides broad insights into the relationship between cost behavior and stock returns (e.g., Weiss,
2010). However, the accounting classification may be subject to managerial judgment that can
introduce bias into the estimate of specific cost components like COGS and XSGA. For example,
Anderson, Banker, and Janakiraman (2003) and many others show that COGS is less sticky than
XSGA and is more likely to be cut as sales decrease, when the firm is in distress or in economic
downturns. XSGA is arguably related to fixed costs and is for maintaining business, whereas
COGS is arguably related to variable costs and product production. For this reason, we compute the
growth rates of the two cost subcategories, COGS growth (CGCOGS) and XSGA growth (CGXSGA).
Specifically, we define COGS growth (CGCOGS) in year t as the year-to-year percentage change in
annual COGS from the fiscal year ending in calendar year t−1 to the fiscal year ending in calendar
year t, CGCOGS,t =
COGSt−COGSt−1
COGSt−1 , and XSGA growth (CGXSGA) as the year-to-year percentage
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change in annual XSGA from the fiscal year ending in calendar year t−1 to the fiscal year ending in
calendar year t, CGXSGA,t =
XSGAt−XSGAt−1
XSGAt−1 . COGS growth and XSGA growth have a correlation
of 0.55 with each other, and they have high correlations of 0.81 and 0.79 with our main cost growth
measure CG, respectively.
Columns 2 and 3 of Table 8 show that both COGS growth (CGCOGS) and XSGA growth
(CGXSGA) are significant predictors of future stock returns, with regression coefficients of −0.560
(t = −8.02) and −0.688 (t = −7.32), respectively. Column 4 further shows that both CGCOGS
and CGXSGA remain significant a single regression, with coefficients of −0.393 (t = −5.48)
and −0.394 (t = −3.96), respectively. This finding suggests that firms with high CGCOGS and
high CGXSGA will underperform in the future, and both variables contain significant incremental
information on future stock returns.
Second, our operating costs measure in (2) does not include depreciation and amortization
expenses, since the depreciation may depend on the accounting rules a firm chooses, which may
not be related to the firm’s business fundamentals. Capital intensive firms may employ more
fixed assets for business operations, leading to higher depreciation and amortization expenses. In
this sense, depreciation and amortization expenses can be viewed as parts of a firm’s operating
costs. As a robustness check, we construct an alternative measure of operating costs, OCDP,
which incorporates depreciation and amortization expenses and is defined as the sum of costs of
goods sold (COGS), selling, general, and administration expenses (XSGA), and depreciation and
amortization expenses (DP), OCDP,t = COGSt +XSGAt +DPt . We then calculate cost growth as
CGDP,t =
OCDP,t−OCDP,t−1
OCDP,t−1 . Column 5 of Table 8 shows that CGDP negatively predicts future stock
returns with a regression coefficient of −0.704 (t = −7.56), which is almost the same as that in
Column 1 where depreciation and amortization expenses (DP) is not included in the calculation
of operating costs. In this sense, our operating costs measure is clean and captures the main
information in predicting stock returns.
Third, our operating costs measure in expression (2) includes a firm’s R&D expenses (a
component of XSGA). According to the reliability criterion, assets can be recognized only if
they can be measured with reasonable precision and supported by objective evidence, free of
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opinion and bias. So the GAAP requires that investments in R&D are expensed immediately in
the income statement rather than booked to the balance sheet as intangible assets, since estimates
of these assets are uncertain, subjective, and open to managerial manipulation and bias. On the
other hand, the result can be a mismatch, since R&D expenses can be regarded as investments
in intangible assets to generate future sales. As a robustness check, we construct an alternative
measure of operating costs, OCRD, which excludes R&D expenses and is defined as costs of
goods sold (COGS) plus selling, general, and administration expenses (XSGA) minus R&D
expenses (XRD), OCRD,t =COGSt+XSGAt−XRDt .6 Accordingly, we obtain a new cost growth
measure, CGRD,t =
OCRD,t−OCRD,t−1
OCRD,t−1 . Column 6 of Table 8 shows that this new alternative measure
CGRD is also a strong negative predictor of stock returns, with a regression coefficient of −0.678
(t = −8.06). This implies that our operating cost measure is not driven by investments like R&D
expenses.
Fourth, we examine the robustness of our finding by scaling the changes in operating costs
by alternative deflators. Specifically, we consider an alternative cost growth measure CGAT, in
which we deflate the year-to-year changes in operating costs by lagged total assets (AT) rather
than lagged operating costs (OC), CGAT,t =
OCt−OCt−1
ATt−1 . This exercise is to demonstrate that our
finding of the negative cost growth effect is robust to different deflators, and is mainly driven by
the change in operating costs component (OCt−OCt−1) rather than the lagged operating costs (the
deflator, OCt−1). Column 7 of Table 8 shows that the regression coefficient on CGAT is −0.470
(t = −5.34). In unreported tables, we obtain similar results employing alternative specifications
like deflating the change in operating costs by lagged book value of equity, market value of equity,
and sales. All the results indicate that our documented cost growth effect is generally driven by the
change in the operating cost component, and is robust to the choice of denominator.
Lastly, in unreported tables, we obtain similar results when total operating costs are indirectly
defined as the difference between sales and income before extraordinary items, which may include
interest expenses and taxes.
6In unreported results, we obtain similar findings after removing advertising expenses from our operating costs
measure.
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H. Mean-variance spanning tests
The abnormal return on the cost growth spread portfolio is significant both statistically and
economically. The question is whether it can add any investment value to a well diversified
portfolio, such as the market portfolio or a portfolio of the Fama-French five factors. The spanning
test proposed by Huberman and Kandel (1987) provides exact the answer we need.
Following Huberman and Kandel (1987), we run time-series regressions as follows:
R1,t−R10,t = α+
n
∑
i=1
βi ·Fi,t+ εt , (6)
where R1,t and R10,t are the returns of the lowest and highest cost growth decile portfolios, Fi,t
(for i = 1, ...,n) are the returns on Fama-French five factors, Hou-Xue-Zhang four factors, or
Stambaugh and Yu (2017) four factors. The spanning hypothesis is that the spread portfolio can
be spanned or replicated in the mean-variance space by the factors.7 Statistically, the hypothesis
amounts to the test of the following restrictions:
H0 : α = 0 and
n
∑
i=1
βi = 1. (7)
Following Kan and Zhou (2012), we carry out six spanning tests: Wald test under conditional
homoscedasticity, Wald test under independent and identically distributed (i.i.d.) elliptical
distribution, Wald test under conditional heteroscedasticity, Bekerart-Urias spanning test with
errors-in-variables (EIV) adjustment, Bekerart-Urias spanning test without the EIV adjustment,
and DeSantis spanning test. All six tests have asymptotic Chi-Squared distribution with 2 degrees
of freedom.
7The mean-variance framework is still the major model used in practice today in asset allocation and active
portfolio management despite many other complex models developed by academics, due to its capability of handling
real-world issues, such as position limits, characteristic exposures and short-sell constraints (see, e.g., Grinold and
Kahn (1999), and Qian, Hua, and Sorensen (2007)).
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The results in Table 9 suggest a strong rejection of the hypothesis that the cost growth spread
portfolio is inside the mean-variance frontier of existing factor models with two exceptions. The
first exception is that the value-weighted spread portfolio without the largest 10% market cap stocks
can be spanned by either Fama French (2015) five factors or Hou, Xue, and Zhang (2015) four
factors, but it cannot be spanned by Stambaugh and Yu (2014) four factors (Panel B). The second
exception is that if we assume that the time-series of the volatility-weighted spread portfolio is
conditionally homeskedastic or i.i.d. elliptical, it can be spanned by all the three factor models
(Panel E). With more reasonable assumption such as conditional heteroskedasticity, however, it
cannot be spanned by any of the three models. In general, the cost growth spread portfolio adds
significant investment value to the optimal portfolio consisting of only the factors.
To explore why the cost growth portfolio provides economic value for investing, Figure 2
plots the time-series of annual equal-weighted returns of the costs grow spread portfolio and the
market portfolio from 1968 to 2015. The spread portfolio return is positive in 38 years out of
48, and it does not display a decreasing trend over our sample period, in contrast to McLean and
Pontiff (2016) who find that most anomalies decay or disappear over time. More importantly, the
cost growth spread portfolio appears to be a good hedge against the market portfolio, because it
has a negative correlation of −0.29 with the market. In sum, Table 9 and Figure 2 suggest that
investing in cost growth spread portfolio provides additional benefits for investors to hedge against
the market risk.
IV. Economic Explanations
We show that investor underreaction and limits to arbitrage are the economic forces driving
the negative relationship between cost growth and stock returns.
A. Future operating performance
According to the dividend discount model in Fama and French (2015), the market value of
a share of stock is the present value of expected dividends per share such that, after controlling
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for book-to-market and investment, firms with higher expected profitability should be expected
to yield higher future returns. Thus, one necessary condition for the negative predictive relation
between cost growth and future stock returns is that cost growth should be negatively associated
with expected future profitability. In this section, we empirically investigate this condition by
directly examining whether high cost growth firms that generate low future returns also experience
deterioration in future operating performance.
Table 10 reports the annual Fama-MacBeth regression results of individual firms’ operating
performance in year t+1 on cost growth and other important control variables in year t over 1968–
2015. We consider three measures of operating performance: profit margin (PM), return on asset
(ROA), and cash flows (CF), which are important fundamental determinants of stock valuations.
Table 10 reveals a negative relation between a firm’s cost growth and its operating perfor-
mance in the next year. Specifically, Column 1 shows that the regression coefficient on cost
growth is −3.089, with a t-statistic of −4.70. In Column 2, using the return on asset (ROA)
as a measure of operating performance, we find that high cost growth leads to significantly low
future profitability, with a regression coefficient of −1.679 (t = −5.39). In Column 3, we obtain
a similar relation between cost growth and future cash flows (CF), with a regression coefficient of
−2.808 (t = −8.77). Columns 4 to 6 show that adding industry fixed effect makes no difference
to the negative cost growth effect on future profitability. Overall, cost growth is a leading indicator
for expected future profitability in line with the dividend discount model.
B. Irrational mispricing
Theoretically, the negative cost growth effect may hold due to rational compensation for
risk or mispricing and investor irrationality. In Tables 1 and 2, we show that the cost growth
spread portfolio cannot been explained by extant risk factors, pointing to a behavioral explanation.
As such, we expect to observe a certain degree of commonality in the mispricing of cost
growth. We identify this commonality by using the Hirshleifer and Jiang (2010) mispricing factor
(UMO, undervalued minus overvalued) model (augmented by Fama-French three factors), and the
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Stambaugh and Yu (2017) mispricing factor model.
Table 11 shows that the two mispricing factor models reduce the abnormal returns of the cost
growth decile portfolios substantially. Panel A shows the results with the Hirshleifer and Jiang
(2010) mispricing factor model. Given the huge average returns of the lowest and highest cost
growth decile portfolios (1.05% and 0.24%), their alphas are only 0.33% (t = 1.76) and−0.10 (t =
−0.61). As such, the monthly average abnormal return of the cost growth spread portfolio is 0.43%
(t = 4.24), suggesting that the model explains about 50% of average returns. The UMO loading on
the lowest cost growth decile portfolio is −0.05 with an insignificant t-statistic of −0.41, whereas
the loading on the highest cost growth decile portfolio is −0.43 with a significant t-statistics of
−4.16, suggesting that the highest cost growth decile portfolio is overpriced with the Fama-French
three-factor model and the UMO factor can capture this mispricing.
Panel B shows the results with the Stambaugh and Yu (2017) mispricing factor model, which
has similar pricing power as Hirshleifer and Jiang (2010). The alphas of the lowest and highest
cost growth decile portfolios are 0.53% (t = 2.99) and 0.04 (t = 0.24), making the spread portfolio
monthly alpha 0.49% with a t-statistic of 4.54. The evidence suggests that the Stambaugh and Yu
(2017) model explains about 40% of average returns of the spread portfolio. The factor loading is
significant on MGMT but insignificant on PERF, implying that the misprinting is due to managerial
actions. In summary, the cost growth spread portfolio is partially explained by the mispricing factor
models, although its abnormal returns remain significant.
C. Investor sentiment
We examine whether the aggregate investor sentiment can explain the cost growth effect.
Baker and Wurgler (2006) show that the presence of sentimental investors can drive asset prices
away from fundamental values with limits to arbitrage. Staumbaugh, Yu, and Yuan (2012) find that
numerous market anomalies tend to yield high returns following periods of high investor sentiment.
Hence, it is possible that the cost growth effect is partially driven by mispricing due to aggregate
investor sentiment, and the effect may be stronger following periods of high sentiment.
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Following Staumbaugh, Yu, and Yuan (2012), we investigate the time series relation between
the cost growth spread portfolio return and lagged investor sentiment using two complementary
proxies for investor sentiment: the sentiment index of Baker and Wurgler (2006), and the sentiment
index of Huang, Jiang, Tu, and Zhou (2015). The investor sentiment-based view suggests that
investor sentiment should have significant predictive power for the spread portfolio following high
sentiment. However, in untabulated tables, we find that the regression coefficients on the two
investor sentiment indexes are not significant, suggesting that the cost growth effect is not due to
investor sentiment at the aggregate market level.
D. Investor underreaction
If the cost growth effect is due to irrational mispricing, the predictive relation between cost
growth and future stock returns may arise from investor overreaction or underreaction. However,
Figure 1 shows that the average return of the cost growth spread portfolio is consistently positive,
lasts about five years after portfolio formation, and does not display a reversal. Thus, overreaction
is not a possible explanation. In this section, we test the underreaction explanation. Indeed, recent
literature suggests that investors with behavioral biases may be inattentive and slow in updating
their beliefs in the face of new public information (Daniel, Hirshleifer, and Subrahmanyam
(1998), Hirshleifer and Teoh (2003), Peng and Xiong (2006), Hirshleifer, Lim, and Teoh (2009),
Hirshleifer, Hsu, and Li (2013)). As a result, stock prices may not fully reflect all the predictive
information about future performance that is contained in cost growth and induce mispricing.
We first compare the predictability of cost growth for future returns on earnings announce-
ment days with non-announcement days. This test is motivated by prior research like Engelberg,
McLean, and Pontiff (2016) showing that anomaly returns are higher on earnings announcement
days. We have shown that cost growth predicts both future profitability and stock returns. If this
predictive information is rationally expected by investors, then there is no clear reason to expect
higher anomaly returns on earnings announcement days. Earnings surprise is random, and so the
release of earnings information should not have a predictable impact on returns. On the other hand,
if anomaly returns reflect mispricing due to investor underreaction, then we should observe higher
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anomaly returns on earnings announcement days, because new information will leadp investors to
revise their prior biased beliefs.
The earnings announcement days dummy (Eday) is equal to 1 for the 3-day window around
earnings release date, i.e., including the day before, the day of, and the day after the reported
earnings announcement date, for firm i and zero otherwise. We then run daily Fama-MacBeth
regression of stock returns (daily returns times by 20) from July of year t+1 to June of year t+2
on CG∗Eday, the interaction term between cost growth at time t and earnings announcement days
dummy. We are interested in the interaction term and ask whether cost growth effect is stronger on
earnings announcement days. We also control for cost growth, Eday, log(ME), log(B/M), r−12,−2,
r−1, as well as industry fixed effect, so that they cannot be driven by systematically higher or lower
risks for stocks on earnings announcement days. For brevity, we do not report these coefficients.
Panel A of Table 12 reports the Fama-Macbeth regression coefficients and t-statistics for
cost growth (CG) andp the interaction of cost growth with earnings announcement days dummy
(CG∗Eday). The coefficient on the interaction term is −2.707 (t =−3.90), which is economically
large and statistically significant. Compared with the regression coefficient on CG (−0.642),
the cost growth effect is about four times stronger on earnings announcement days than on non-
announcement days. Therefore, the evidence supports the idea that the cost growth effect is due to
investor underreaction and biased expectation.
We then examine whether the cost growth effect is stronger among firms with investor limited
attention. We use analyst coverage, asset size, and firm age to proxy for investor inattention, which
have been widely used in the literature and have a theoretical foundation (Hirshleifer and Teoh
(2003)). We are interested in the interaction effects of these attention proxies for predicting future
stock returns. We expect that firms with high analyst coverage, large asset size, and with old age
will attract more attention from investors, and as a result, the cost growth effect is weaker among
these firms.
log(AC) is the log of analyst coverage and is defined as the average monthly number of
analysts who provide fiscal year t+1 earnings forecasts in year t. Asset size (log(AT)) is defined
as the log of total assets in fiscal year ending in calendar year t. Firm age (log(1+Age)) is the log
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of one plus firm age defined as the number of years listed in Compustat with non-missing price
data at the end of year t. All these three variables are standardized to zero mean and unit standard
deviation for ease of interpretation.
Panel A of Table 12 reports the estimation results for the interaction effects between cost
growth and analyst coverage, asset size, and firm age, respectively. As expected, the negative
cost growth-return relation is stronger in magnitude among firms with lower analyst coverage,
smaller size, and younger age. For example, the slope is 0.274 (t = 2.88) on the interaction of
cost growth with analyst coverage, is 0.232 (t = 2.65) on the interaction of cost growth with asset
size, and is 0.190 (t = 2.68) on the interaction of cost growth with and firm age. In summary,
this evidence appears to support the view that underreaction by inattentive investors results in the
negative relation between cost growth and future stock returns.
E. Limits to arbitrage
In this subsection, we test the role of limits to arbitrage in driving the cost growth effect.
If the negative cost growth effect reflects investor underreaction, based on Shleifer and Vishny
(1997), the predictive ability should be stronger among firms with higher limits to arbitrage. Many
recent studies provide positive evidence on the role of arbitrage costs on the predictive power of
earnings (Chordia, Goyal, Sadka, Sadka, and Shivakumar (2009), Kumar (2009)) and accruals
(Mashruwala, Rajgopal, and Shevlin (2006)).
We use idiosyncratic volatility (log(IVOL)), share price (log(PRC)), Amihud (2002) illiquidi-
ty (log(ILLIQ)), and dollar volume (log(DVOL)) as the proxies of limits to arbitrage. Idiosyncratic
volatility (log(IVOL)) is the log of standard deviation of the residuals from regressing daily stock
returns on market returns over the past 250 trading days ending on June 30 of year t+1, which is
a proxy for arbitrage risk or holding risk. Share price (log(PRC)) is the log of closing stock price
(the average of bid and ask prices if the closing price is not available) at the end of June of year
t+1. Stoll (2000) documents that stock price is inversely related to bid-ask spread and brokerage
commission. Amihud (2002) illiquidity measure (log(ILLIQ)) is the log of the average of absolute
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daily return divided by daily dollar trading volume over the past 12 months ending on June 30 of
year t+ 1. A higher illiquidity value indicates a larger price impact per order flow, thus a larger
arbitrage costs for the investors. Dollar volume (log(DVOL)) is the log of the sum of daily share
trading volume multiplied by the daily closing price from July 1 of year t to June 30 of year t+1.
Bhushan (1994) shows that dollar volume is inversely related to price pressure and time required to
fill an order or to trade a large block of shares. All these proxies are cross-sectionally standardized
to be zero mean and unit standard deviation.
We examine the role of limits to arbitrage using Fama-MacBeth regression. Panel B of
Table 12 shows that the coefficient is −0.496 (t = −5.31) on the interaction of cost growth with
idiosyncratic volatility, 0.241 (t = 2.70) on the interaction of cost growth with share price, −0.293
(t =−2.52) on the interaction of cost growth with Amihud (2002) illiquidity, and 0.230 (t = 2.12)
on the interaction of cost growth with dollar volume. Apparently, the negative cost growth-return
relation is stronger in magnitude among firms with higher idiosyncratic volatility, lower share price,
higher Amihud (2002) illiquidity measure, and lower dollar volume. Hence, the predictive power
of cost growth is stronger among firms with higher limits to arbitrage. This evidence suggests that
limits to arbitrage slow down the incorporation of information in cost growth into stock prices,
and provides further support for our conjecture that investor underreaction plays an important role
behind the cost growth effect.
V. Conclusion
In this paper, we show that a simple measure of cost behavior, cost growth, defined as the
percentage change in annual operating costs, contains important information about a firm’s future
profitability and stock returns. Firms with higher cost growth generate substantially lower future
stock returns than those with lower cost growth. An equal-weighted spread portfolio that goes
long low cost growth stocks and short high cost growth stocks earns an average return of 0.82%
per monthp, and can add significant investment value to a diversified portfolio. This strategy is
robust after controlling for various alternative anomalies and risks, such as size, book-to-market,
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momentum, investment, and profitability. In addition, the predictability of cost growth dominates
sales growth, and is still significant after accounting for earnings surprises and levels. In short, we
contribute to the literature on understanding the cross section of stock returns by identifying a new
economic variable, cost growth, and show that it contains useful valuation information that is not
well recognized by inattentive investors and is beyond the explanation of existing factor models.
We show that, while investor sentiment cannot explain the cost growth effect, Hirshleifer
and Jiang (2010) and Stambaugh and Yu (2017) mispricing factor models can explain about half
of the average return of the cost growth strategy. In addition, we find evidence supporting that
investor underreaction and limits to arbitrage can help explain the cost growth effect to a certain
degree. The negative cost growth-return relation is stronger around earnings announcement days
and among firms with lower analyst coverage, smaller market cap, higher volatility, and higher
transaction costs. As such, it suggests that underreaction to information in cost growth results in
the negative relation between cost growth and future stock returns. It also suggests that limits to
arbitrage further slow down incorporation of the information.
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Appendix
Proof of the sales growth and production efficiency decomposition in expression (3)
According to definition (1),
CGt =
OCt−OCt−1
OCt−1
= SGt−∆MUt−SGt×∆MUt
=
REVTt−REVTt−1
REVTt−1
−
REVTt
OCt
− REVTt−1OCt−1
REVTt
OCt
− REVTt−REVTt−1
REVTt−1
×
REVTt
OCt
− REVTt−1OCt−1
REVTt
OCt
The RHS of the above expression can be rearranged as the LHS:
RHS =
REVTt−REVTt−1
REVTt−1
−
REVTt
OCt
− REVTt−1OCt−1
REVTt
OCt
− REVTt−REVTt−1
REVTt−1
×
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OCt
− REVTt−1OCt−1
REVTt
OCt
= (
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REVTt−1
−1)− (1−
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OCt−1
REVTt
OCt
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REVTt−1
−1)× (1−
REVTt−1
OCt−1
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)
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REVTt−1
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−
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Figure 1 Event-time average annual raw and abnormal returns of cost growth portfolios. This figure
plots the average annual returns of cost growth portfolios in the subsequent five years following portfolio
formation. At the end of June of each year t+ 1, we form decile portfolios with NYSE breakpoints based
on cost growth (CG) in year t. These decile portfolios are equal-weighted and held for five years, from July
of year t+ 1 to June of year t+ 6. The portfolio returns formed in June of year t+ 1 and held from July
of year t+ 1 to June of year t+ 2 are labeled as event-year 1, and from July of year t+ 2 to June of year
t+3 are labeled as event-year 2, etc. Decile 1 refers to firms in the lowest cost growth decile, and decile 10
refers to firms in the highest cost growth decile. The cost growth long-short spread portfolio is computed as
the difference between the returns of decile 1 and decile 10. Panel A shows the average annual raw returns
of deciles 1 and 10 and their spread portfolio, and Panels B and C show the corresponding average annual
abnormal returns with the Fama-French (2015) five-factor model and Hou, Xue, and Zhang (2015) q-factor
model, respectively. The sample period is 1968:07–2015:12.
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Figure 2 Time series of annual returns of cost growth spread portfolio. This figure plots the annual returns
of costs grow spread portfolio from 1968 to 2015. At the end of June of each year t+ 1, we form decile
portfolios with NYSE breakpoints based on cost growth (CG) in year t. These decile portfolios are equal-
weighted and held for one year from July of year t+1 to June of year t+2. The cost growth spread portfolio
is computed as the difference between the returns of the lowest and the highest cost growth deciles. This
figure also plots the annual returns of the market portfolio in excess of the one-month T-bill rate.
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TABLE 1 Cost Growth Portfolio Excess and Risk-Adjsuted Returns
This table reports the monthly average excess and risk-adjusted returns of cost growth decile portfolios over
1968:07–2015:12. The parentheses are the heteroskedasticity-consistent t-statistics. At the end of June of
each year t + 1, we form decile portfolios with NYSE breakpoints based on cost growth (CG) in year t,
where CG is defined as the percentage change in a firm’s total operating costs from the fiscal year ending in
calendar year t− 1 to year t. These portfolios are equal-weighted and held for one year from July of year
t+1 to June of year t+2. “Low” refers to firms in the lowest cost growth decile, and “High” refers to firms
in the highest cost growth decile.
Low 2 3 4 5 6 7 8 9 High Low-High
Panel A: Cost Growth Portfolio Excess Returns
Mean 1.05 0.97 1.02 0.92 0.97 0.90 0.90 0.80 0.67 0.24 0.82
(3.47) (3.79) (4.21) (4.03) (4.26) (3.95) (3.82) (3.29) (2.51) (0.78) (7.61)
Panel B: Fama-French Five-Factor Model
Alpha 0.42 0.25 0.29 0.16 0.24 0.20 0.22 0.14 0.04 −0.24 0.66
(2.80) (2.34) (3.09) (2.00) (3.26) (2.72) (3.01) (1.79) (0.40) (−1.73) (6.70)
βMKT 1.02 0.98 0.98 0.98 0.96 0.95 0.98 0.98 1.02 1.07 −0.05
(25.15) (32.72) (37.25) (44.47) (49.30) (50.57) (52.44) (48.12) (42.61) (31.63) (−2.17)
βSMB 1.06 0.91 0.84 0.76 0.78 0.80 0.82 0.85 0.94 0.95 0.11
(14.55) (18.04) (19.73) (21.91) (25.17) (24.74) (26.75) (25.18) (24.48) (16.64) (2.52)
βHML 0.22 0.30 0.33 0.26 0.27 0.25 0.19 0.15 0.15 0.17 0.05
(2.18) (4.11) (4.80) (4.75) (5.22) (5.32) (4.22) (3.40) (2.66) (1.94) (0.79)
βRMW −0.48 −0.11 −0.01 0.11 0.12 0.18 0.11 0.07 0.00 −0.31 −0.17
(−5.13) (−1.45) (−0.12) (2.24) (2.64) (3.80) (2.72) (1.55) (0.04) (−3.19) (−2.55)
βCMA 0.07 0.08 0.05 0.14 0.04 −0.05 −0.04 −0.07 −0.19 −0.51 0.58
(0.41) (0.69) (0.50) (1.83) (0.54) (−0.65) (−0.50) (−0.79) (−1.87) (−3.37) (6.20)
Panel C: Hou-Xue-Zhang q-Factor Model
Alpha 0.64 0.41 0.44 0.28 0.37 0.33 0.34 0.26 0.20 0.01 0.63
(3.71) (3.21) (3.68) (2.59) (3.64) (3.24) (3.22) (2.35) (1.48) (0.08) (5.75)
βMKT 1.00 0.96 0.95 0.95 0.93 0.92 0.96 0.96 1.01 1.08 −0.07
(26.60) (30.83) (33.16) (37.50) (40.36) (39.37) (44.12) (40.79) (38.51) (30.87) (−2.91)
βME 0.93 0.78 0.71 0.65 0.66 0.68 0.70 0.74 0.81 0.78 0.15
13.41) (12.14) (11.67) (11.70) (12.92) (11.95) (16.12) (15.63) (15.59) (10.43) (2.94)
βI/A 0.24 0.35 0.35 0.37 0.26 0.15 0.10 0.01 −0.13 −0.41 0.65
(2.05) (3.67) (4.01) (4.60) (3.52) (2.03) (1.24) (0.11) (−1.36) (−3.24) (8.63)
βROE −0.70 −0.42 −0.33 −0.20 −0.19 −0.15 −0.16 −0.16 −0.24 −0.52 −0.18
(−7.89) (−6.08) (−5.17) (−3.70) (−3.62) (−2.80) (−2.78) (−2.74) (−3.43) (−5.59) (−3.34)
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TABLE 2 Cost Growth Portfolio Excess and Risk-Adjsuted Returns with Alternative Weighting
This table reports the monthly average excess and risk-adjusted returns of cost growth decile portfolios
over 1968:07–2015:12. The parentheses are the heteroskedasticity-consistent t-statistics. At the end of
June of each year t + 1, we form decile portfolios with NYSE breakpoints based on cost growth (CG)
in year t, where CG is defined as the percentage change in a firm’s total operating costs from the fiscal
year ending in calendar year t− 1 to year t. These portfolios are held for one year from July of year t+ 1
to June of year t + 2. “Low” refers to firms in the lowest cost growth decile, and “High” refers to firms
in the highest cost growth decile. FF5 refers to the Fama-French five-factor model and HXZ refers to
the Hou-Xue-Zhang q-factor model. Panel B weights stocks with the lagged 1-month gross return as in
Asparouhova, Bessembinder, and Kalcheva (2013), and Panel C weights stocks with the inverse of realized
volatility, which is estimated with returns over the past 250 trading days with a minimum requirement of
100 days.
Low 2 3 4 5 6 7 8 9 High Low-High
Panel A: Value-Weighted
Stocks with the Largest 10% NYSE Market Caps are Excluded
Mean 0.61 0.64 0.75 0.70 0.79 0.734 0.11 0.61 0.49 0.34 0.27
(2.39) (2.82) (3.41) (3.36) (3.78) (3.46) (3.23) (2.65) (2.01) (1.17) (1.93)
FF5 alpha −0.18 −0.18 −0.06 −0.07 0.03 0.04 0.05 0.03 −0.09 −0.05 −0.12
(−1.97)(−2.53)(−1.03)(−1.17) (0.41) (0.67) (0.89) (0.42)(−1.23)(−0.66) (−1.14)
HXZ alpha −0.17 −0.17 −0.05 −0.04 0.07 0.07 0.08 0.05 −0.04 0.01 −0.18
(−1.74)(−2.13)(−0.62)(−0.65) (1.02) (0.92) (1.16) (0.75)(−1.50) (0.15) (−1.52)
Stocks with the Largest 40% NYSE Market Caps are Excluded
Mean 0.64 0.79 0.84 0.82 0.80 0.83 0.81 0.69 0.56 0.25 0.39
(2.28) (3.14) (3.44) (3.57) (3.43) (3.60) (3.39) (2.78) (2.14) (0.85) (3.48)
FF5 alpha −0.09 −0.03 −0.04 −0.03 0.01 0.06 0.07 −0.04 −0.09 −0.31 0.22
(−1.14)(−0.47)(−0.70)(−0.46) (0.23) (0.93) (1.33)(−0.69)(−1.44)(−4.42) (2.27)
HXZ alpha −0.03 −0.01 −0.00 −0.02 0.05 0.10 0.12 0.02 −0.06 −0.23 0.20
(−0.38)(−0.09)(−0.04)(−0.21) (0.76) (1.25) (1.74) (0.24)(−0.99)(−2.88) (1.85)
Panel B: Lagged 1-Month Return-Weighted
Mean 0.83 0.83 0.91 0.83 0.89 0.82 0.82 0.68 0.55 0.10 0.73
(2.77) (3.30) (3.80) (3.69) (3.93) (3.62) (3.49) (2.85) (2.10) (0.33) (6.72)
FF5 alpha 0.20 0.11 0.18 0.07 0.16 0.12 0.14 0.02 −0.08 −0.37 0.57
(1.50) (1.21) (2.18) (1.07) (2.48) (1.82) (2.19) (0.34)(−0.97)(−3.28) (5.81)
HXZ alpha 0.40 0.26 0.32 0.18 0.28 0.24 0.26 0.13 0.06 −0.15 0.55
(2.79) (2.46) (3.17) (2.00) (3.24) (2.72) (2.82) (1.35) (0.54)(−1.11) (4.98)
Panel C: Volatility-Weighted
Mean 1.19 1.10 0.85 1.00 0.82 0.87 0.84 0.81 0.67 0.31 0.88
(2.55) (2.87) (3.83) (4.20) (4.03) (4.34) (3.92) (3.76) (2.84) (1.13) (2.19)
FF5 alpha 0.43 0.38 0.08 0.24 0.10 0.16 0.12 0.12 0.03 −0.19 0.62
(1.61) (1.22) (0.86) (1.66) (1.48) (2.68) (1.80) (2.06) (0.33)(−1.17) (2.47)
HXZ alpha 0.70 0.48 0.17 0.32 0.18 0.24 0.23 0.20 0.14 −0.02 0.72
(1.77) (1.47) (1.44) (2.02) (1.95) (2.66) (2.13) (2.18) (1.26)(−0.10) (1.89)
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TABLE 3 Fama-MacBeth Regressions of Stock Returns on Cost Growth and Other Variables
This table reports the average slopes and their time-series t-statistics (in parentheses) from Fama-MacBeth
cross-sectional regressions of monthly stock returns from July of year t + 1 to June of year t + 2 on
cost growth (CG) in fiscal year ending in calendar year t and other accounting and return-based control
variables. log(ME) is the log of market equity in June of year t+ 1. log(B/M) is the log book-to-market
ratio. r−12,−2 is the cumulative return over the previous 12 to 2 months. r−1 is the one-month lagged return.
The industry-adjusted cost growth rates and industry dummies are based on the 48 industry classification in
Fama and French (1997). Independent variables are winsorized at the 1% and 99% levels, and the sample
period is 1968:07–2015:12.
Dependent variable Excess return
(1) (2) (3) (4) (5) (6) (7)
Cost growth (CG) −0.919 −0.687 −0.717 −0.870 −0.647 −0.700
(−8.06) (−6.98) (−8.08) (−8.96) (−7.43) (−8.70)
Industry-adjusted CG −0.718
(−9.54)
log(ME) −0.077 −0.073 −0.068 −0.060 −0.073
(−1.76) (−1.90) (−1.66) (−1.48) (−1.88)
log(B/M) 0.276 0.311 0.351 0.398 0.320
(4.14) (5.23) (6.91) (8.25) (5.32)
r−12,−2 0.414 0.290 0.425
(2.18) (1.67) (2.24)
r−1 −6.221 −7.296 −6.204
(−14.3) (−17.5) (−14.2)
Industry dummy Yes Yes Yes
Adjusted R2 0.003 0.021 0.040 0.052 0.068 0.083 0.039
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TABLE 4 Controlling for Earnings Surprises and Profitability
This table reports the average slopes and their time series t-statistics (in parentheses) from Fama-MacBeth
cross-sectional regressions of monthly stock returns from July of year t + 1 to June of year t + 2 on cost
growth for fiscal year ending in calendar year t and other control variables related to earnings surprises and
profitability effects. SUEQ is the quarterly standardized unexpected earnings computed as the most recently
announced quarterly earnings minus the quarterly earnings four quarters ago standardized by its standard
deviation estimated over the prior eight quarters. SUEA is the annual standardized unexpected earnings
calculated as the annual earnings per share before extraordinary items (EPS) in the fiscal year ending in
calendar year t minus the annual EPS one year ago standardized by the stock price per share at the end of
year t. The gross profitability (GP) is the annual gross profit scaled by total asset. ROA is the annual income
before extraordinary items (IB) scaled by total assets. ROE is the annual income before extraordinary items
(IB) scaled by book value of equity. log(ME) is the log of market equity in June of year t+1. log(B/M) is
the log book-to-market ratio. r−12,−2 is the cumulative return from month t−12 to month t−2. r−1 is the
one-month lagged return. The sample period is 1968:07–2015:12.
Dependent variable Excess return
(1) (2) (3) (4) (5)
Cost growth (CG) −0.592 −0.711 −0.774 −0.757 −0.747
(−4.88) (−7.91) (−8.77) (−8.84) (−8.54)
SUEQ 0.127
(7.92)
SUEA 0.422
(2.06)
Gross profit (GP) 0.540
(5.02)
ROA 1.108
(2.79)
ROE 0.296
(1.71)
log(ME) −0.083 −0.079 −0.069 −0.089 −0.082
(−1.91) (−2.03) (−1.77) (−2.55) (−2.34)
log(B/M) 0.382 0.312 0.371 0.315 0.307
(5.65) (5.10) (6.27) (5.44) (5.41)
r−12,−2 0.407 0.394 0.376 0.383 0.394
(1.97) (2.06) (1.99) (2.06) (2.11)
r−1 −6.981 −6.245 −6.336 −6.360 −6.323
(−14.3) (−14.1) (−14.6) (−14.9) (−14.8)
Adjusted R2 0.052 0.041 0.042 0.043 0.043
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TABLE 5 Controlling for Sales Growth
This table reports the average slopes and their time series t-statistics (in parentheses) from Fama-MacBeth
cross-sectional regressions of monthly stock returns from July of year t + 1 to June of year t + 2 on cost
growth in fiscal year ending in calendar year t and sales growth. SG is the annual percentage change in sales
from fiscal year ending in calendar year t− 1 to fiscal year ending in calendar year t. ∆MU is the change
in markup from fiscal year ending in calendar year t− 1 to fiscal year ending in calendar year t scaled by
markup in fiscal year ending in calendar year t, where markup is the sales to costs ratio. log(ME) is the log
of market equity in June of year t + 1. log(B/M) is the log book-to-market ratio in fiscal year ending in
calendar year t. r−12,−2 is the cumulative return over the previous 12 to 2 months. r−1 is the one-month
lagged return. The sample period is 1968:07–2015:12.
Dependent variable Excess return
(1) (2) (3) (4)
Cost growth (CG) −0.717 −0.650 −0.730 −0.731
(−8.08) (−4.11) (−7.74) (−7.96)
Sales growth (SG) −0.064
(−0.41)
Change in markup (∆MU) 0.217
(0.91)
Interaction term (SG*∆MU) −1.064
(−1.21)
log(ME) −0.073 −0.074 −0.075 −0.078
(−1.90) (−1.94) (−1.95) (−2.05)
log(B/M) 0.311 0.307 0.309 0.297
(5.23) (5.22) (5.23) (5.09)
r−12,−2 0.414 0.425 0.420 0.426
(2.18) (2.24) (2.22) (2.25)
r−1 −6.221 −6.202 −6.206 −6.214
(−14.3) (−14.3) (−14.3) (−14.3)
Adjusted R2 0.040 0.041 0.041 0.041
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TABLE 6 Compare Sales Growth, Cost Growth, and Earnings Growth Spread Portfolios
This table reports the estimates from time-series regressions of sales growth, cost growth, and
earnings growth spread portfolios on the Fama-French five-factor model or on the Hou-Xue-Zhang
q-factor model that include the sales growth or cost growth spread portfolio as an additional
asset pricing factor. To avoid the concern with denominators, we define cost growth (CG) as
CGt = (OCt − OCt−1)/OCt−1, sales growth (SG) as SGt = (Salest − Salest−1)/OCt−1, and earnings
growth (EG) as EGt = [(Salest −OCt)− (Salest−1−OCt−1)]/OCt−1, respectively. OCt and Salest are the
operating costs and sales in year t. The sample period is 1968:07–2015:12.
Alpha βMKT βSMB βHML βRMW βCMA βI/A βROE βCost βSales
Panel A: Sales Growth Spread Portfolio
0.60 −0.05 0.14 0.09 −0.28 0.56
(5.61) (−1.83) (2.77) (1.28) (−3.86) (5.50)
−0.02 0.00 0.04 0.04 −0.12 0.02 0.94
(−0.30) (0.11) (1.71) (1.11) (−3.11) (0.33) (27.73)
0.65 −0.08 0.16 0.67 −0.35
(5.65) (−2.95) (2.91) (8.52) (−6.43)
0.06 −0.01 0.02 0.06 −0.19 0.93
(1.06) (−0.63) (0.74) (1.45) (−5.85) (31.19)
Panel B: Cost Growth Spread Portfolio
0.20 −0.02 −0.00 −0.01 0.05 0.14 0.77
(4.06) (−1.17) (−0.02) (−0.45) (1.39) (2.62) (33.28)
0.12 −0.01 0.03 0.12 0.10 0.79
(2.16) (−0.91) (1.39) (3.07) (3.40) (31.57)
Panel C: Earnings Growth Spread Portfolio
0.28 −0.07 0.18 0.11 −0.45 0.13
(2.39) (−2.33) (3.59) (1.51) (−6.87) (0.99)
−0.01 −0.04 0.14 0.08 −0.38 −0.12 0.43
(−0.06) (−1.54) (3.12) (1.32) (−6.07) (−0.91) (7.19)
0.44 −0.09 0.15 0.19 −0.51
(3.38) (−3.37) (3.33) (2.05) (−7.11)
0.17 −0.06 0.08 −0.09 −0.43 0.43
(1.25) (−2.25) (2.54) (−1.04) (−5.69) (7.99)
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TABLE 7 Controlling for Other Investment and Asset Growth
This table reports the average slopes and their time-series t-statistics (in parentheses) from Fama-MacBeth
cross-sectional regressions of monthly stock returns from July of year t + 1 to June of year t + 2 on cost
growth for fiscal year ending in calendar year t and other control variables related to investment and asset
growth effects. ACC is the operating accruals deflated by average total assets from Sloan (1996). NOA
is net operating assets (operating assets minus operating liabilities) scaled by lagged total assets from
Hirshleifer et al. (2004). INV is the change in gross property, plant, and equipment plus the change in
inventories scaled by lagged total assets from Lyandres et al. (2008). AG is the annual percentage change
in total assets from Cooper et al. (2008). IG is the growth rate of capital expenditure from Xing (2008). CI
is the capital expenditure divided by the average capital expenditure over the past three years from Titman
et al. (2004), where capital expenditure is scaled by its sales. log(ME) is the log of market equity in June of
year t+ 1. log(B/M) is the log book-to-market ratio. r−12,−2 is the cumulative return over the previous 12
to 2 months. r−1 is the one-month lagged return. The sample period is 1968:07–2015:12.
Dependent variable Excess return
(1) (2) (3) (4) (5) (6)
Cost growth (CG) −0.552 −0.491 −0.443 −0.420 −0.600 −0.579
(−5.83) (−5.55) (−4.58) (−4.83) (−6.38) (−5.61)
Accruals (ACC) −1.092
(−4.04)
Net operating assets (NOA) −0.455
(−6.13)
Investment to asset (INV) −0.613
(−5.44)
Asset growth (AG) −0.439
(−8.87)
Investment growth (IG) −0.091
(−7.46)
Capital investment (CI) −0.126
(−5.37)
log(ME) −0.085 −0.074 −0.082 −0.070 −0.090 −0.089
(−2.12) (−1.90) (−2.05) (−1.81) (−2.27) (−2.31)
log(B/M) 0.312 0.327 0.310 0.289 0.284 0.265
(5.26) (5.40) (5.21) (4.92) (4.72) (4.31)
r−12,−2 0.337 0.387 0.336 0.406 0.392 0.412
(1.87) (2.06) (1.86) (2.15) (2.05) (2.21)
r−1 −6.212 −6.278 −6.213 −6.251 −6.182 −6.122
(−14.3) (−14.5) (−14.3) (−14.4) (−14.1) (−14.0)
Adjusted R2 0.039 0.041 0.039 0.041 0.039 0.039
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TABLE 8 Alternative Measures of Cost Growth
This table reports the average slopes and their time series t-statistics (in parentheses) from Fama-MacBeth
cross-sectional regressions of monthly stock returns from July of year t+1 to June of year t+2 on various
lagged alternative definitions of cost growth in fiscal year ending in calendar year t and controls variables.
CGCOGS is the annual percentage changes in costs of goods sold (COGS) from the fiscal year ending in
calendar year t−1 to the fiscal year ending in calendar year t. CGXSGA is the annual percentage changes in
selling, general, and administration expenses (XSGA). CGDP is the annual percentage changes in the sum
of costs of goods sold (COGS), selling, general, and administration expenses (XSGA), and depreciation
and amortization expenses (DP), COGS+XSGA+DP. CGRD is the annual percentage changes in the costs of
goods sold (COGS) plus selling, general, and administration expenses (XSGA) minus the R&D expenses
(XRD), COGS+XSGA-XRD. CGAT is the annual change in the sume of costs of goods sold (COGS)
and selling, general, and administration expenses (XSGA) scaled by lagged total assets (AT). log(ME) is
the log of market equity in June of year t + 1. log(B/M) is the log book-to-market ratio. r−12,−2 is the
cumulative return over the previous 12 to 2 months. r−1 is the one-month lagged return. The sample period
is 1968:07–2015:12.
Dependent variable Excess return
(1) (2) (3) (4) (5) (6) (7)
Cost growth (CG) −0.717
(−8.08)
CGCOGS −0.560 −0.393
(−8.02) (−5.48)
CGXSGA −0.688 −0.394
(−7.32) (−3.96)
CGDP −0.704
(−7.56)
CGRD −0.678
(−8.06)
CGAT −0.470
(−5.34)
log(ME) −0.073 −0.075 −0.073 −0.073 −0.076 −0.074 −0.076
(−1.90) (−1.97) (−1.89) (−1.92) (−1.95) (−1.91) (−1.97)
log(B/M) 0.311 0.312 0.316 0.300 0.309 0.313 0.325
(5.23) (5.23) (5.33) (5.08) (5.09) (5.26) (5.45)
r−12,−2 0.414 0.429 0.419 0.421 0.393 0.414 0.440
(2.18) (2.26) (2.22) (2.22) (2.04) (2.19) (2.32)
r−1 −6.221 −6.193 −6.232 −6.224 −6.207 −6.217 −6.210
(−14.3) (−14.2) (−14.3) (−14.3) (−14.0) (−14.3) (−14.2)
Adjusted R2 0.039 0.040 0.039 0.041 0.039 0.039 0.039
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TABLE 9 Mean-Variance Spanning Tests
This table reports the results of testing whether the cost growth spread portfolio can be spanned by the
Fama-French five factors (FF5), Hou-Xue-Zhang four factors (HXZ), or Stambaugh-Yu four factors (SY).
W is the Wald test under conditional homoskedasticity, We is the Wald test under the i.i.d. elliptical
distribution, Wa is the Wald test under the conditional heteroskedasticity, J1 is the Bekerart-Urias test with
the Errors-in-Variables (EIV) adjustment, J2 is the Bekerart-Urias test without the EIV adjustment, and J3
is the DeSantis test. The p-values are reported in the parentheses.
Model W We Wa J1 J2 J3
Panel A: Equal-Weighted
FF5 59.50 43.72 45.80 52.13 57.47 60.82
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
HXZ 50.22 36.57 33.98 38.38 42.44 48.29
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
SY 32.65 23.21 24.51 23.53 24.06 24.41
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Panel B: Value-Weighted Without the Largest 10% Market Cap Stocks
FF5 1.68 1.12 1.40 1.45 1.44 1.45
(0.43) (0.57) (0.50) (0.49) (0.49) (0.48)
HXZ 3.37 3.30 3.14 3.12 3.16 3.13
(0.19) (0.19) (0.21) (0.21) (0.21) (0.21)
SY 19.25 14.74 12.81 13.17 13.43 13.24
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Panel C: Value-Weighted Without the Largest 40% Market Cap Stocks
FF5 36.86 16.39 18.15 19.53 19.68 18.26
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
HXZ 31.07 15.81 15.74 16.13 16.02 17.23
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
SY 40.14 28.34 19.39 19.67 19.52 19.26
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Panel D: Lagged 1-Month Return-Weighted
FF5 48.90 32.80 36.39 37.84 40.22 42.43
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
HXZ 44.35 29.12 27.37 29.46 31.49 36.70
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
SY 32.27 21.51 21.09 20.12 20.17 20.27
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Panel E: Volatility-Weighted
FF5 2.53 2.03 12.76 15.12 15.46 14.56
(0.28) (0.36) (0.00) (0.00) (0.00) (0.00)
HXZ 2.97 1.69 12.97 13.32 13.47 13.05
(0.23) (0.43) (0.00) (0.00) (0.00) (0.00)
SY 2.97 0.81 11.46 10.93 11.03 10.79
(0.23) (0.67) (0.00) (0.00) (0.00) (0.00)
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TABLE 10 Cost Growth and Future Operating Performance
This table reports the average slopes and their time-series t-statistics (in parentheses) from annual
Fama-MacBeth cross-sectional regressions of individual firms’ operating performance in year t + 1,
measured by profit margin (PM), return on asset (ROA), and cash flow (CF), on cost growth, operating
performance, operating performance change, and other control variables in year t. PM is income before
extraordinary items divided by sales. ROA is income before extraordinary items divided by total assets.
CF is net income plus amortization and depreciation minus changes in working capital and capital
expenditures divided by total assets. log(ME) is the log of year-end market equity. log(B/M) is the log
book-to-market ratio. r−12,−2 is the lagged stock return in year t. Industry dummies are based on the 48
industry classification defined in Fama and French (1997). The sample period is from 1968 to 2015. To
have economically sensible slopes, PM, ROA, CF, and their changes are multiplied by 100 in the regressions.
Dependent variable PM ROA CF PM ROA CF
(1) (2) (3) (4) (5) (6)
Cost growth (CG) −3.089 −1.679 −2.808 −2.180 −1.450 −2.454
(−4.70) (−5.39) (−8.77) (−4.46) (−5.18) (−8.13)
Profit margin (PM) 0.731 0.708
(37.7) (37.1)
∆PM −0.127 −0.122
(−7.31) (−7.81)
Return on asset (ROA) 0.699 0.684
(39.9) (39.3)
∆ROA −0.133 −0.129
(−12.3) (−12.4)
Cash flow (CF) 0.554 0.524
(21.2) (19.6)
∆CF −0.147 −0.140
(−19.7) (−17.7)
log(ME) 0.415 0.342 0.458 0.433 0.352 0.484
(6.09) (8.60) (9.48) (6.55) (9.24) (10.23)
log(B/M) −0.661 −0.681 −0.086 −0.881 −0.890 −0.249
(−2.72) (−6.07) (−1.60) (−4.24) (−7.52) (−1.43)
r−12,−2 3.369 3.075 1.508 2.935 2.813 1.385
(6.74) (11.1) (5.49) (8.72) (12.3) (5.24)
Industry dummy Yes Yes Yes
Adjusted R2 0.535 0.504 0.300 0.564 0.526 0.329
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TABLE 11 Abnormal Return and Factor Loadings on Mispricing Factors
This table reports the average monthly abnormal returns (alphas), factor loadings, and their
heteroskedasticity-consistent t-statistics of cost growth decile portfolios from regressing excess cost
growth decile portfolio returns on the Fama-French three (FF3) factors augmented with the Hirshleifer and
Jiang (2010) mispricing factor (UMO) or the Stambaugh and Yu (2017) four factors. MGMT is the firms’
managements-based mispricing factor and PERF is the firm’s performance-based mispricing factor. At the
end of June of each year t+ 1, we form decile portfolios with NYSE breakpoints based on cost growth in
fiscal year ending in calendar t. These portfolios are equal-weighted and held for one year from July of
year t+ 1 to June of year t+ 2. The sample period is 1972:07–2015:12 for Panel A and 1968:07–2015:12
for Panel B.
Low 2 3 4 5 6 7 8 9 High Low-High
Panel A: FF3 + Hirshleifer and Jiang (2010) Mispricing Factor (UMO)
Alpha 0.33 0.22 0.30 0.20 0.25 0.23 0.23 0.17 0.14 −0.10 0.43
(1.76) (1.65) (2.54) (2.15) (2.72) (2.67) (2.54) (1.70) (1.13)(−0.61) (4.24)
βMKT 1.04 0.99 0.98 0.97 0.96 0.95 0.98 0.98 1.01 1.04 −0.00
(21.69) (27.49) (30.79) (36.49) (40.77) (41.48) (42.13) (40.70) (35.29) (27.87) (−0.01)
βSMB 1.16 0.92 0.83 0.73 0.75 0.74 0.78 0.82 0.91 0.98 0.18
(15.15) (16.13) (16.22) (15.95) (17.92) (15.67) (19.48) (18.65) (18.89) (16.12) (3.57)
βHML 0.25 0.31 0.34 0.31 0.28 0.22 0.16 0.13 0.12 0.16 0.09
(2.95) (5.05) (5.87) (5.63) (5.70) (4.22) (3.57) (3.01) (2.33) (2.28) (1.49)
βUMO −0.05 0.04 0.02 0.04 0.05 0.04 0.04 −0.01 −0.10 −0.43 0.39
(−0.41) (0.51) (0.25) (0.67) (0.91) (0.72) (0.73)(−0.08)(−1.38)(−4.16) (7.13)
Panel B: Stambaugh and Yu (2017) Four Factors
Alpha 0.53 0.33 0.34 0.22 0.27 0.28 0.27 0.22 0.18 0.04 0.49
(2.99) (2.58) (3.00) (2.20) (2.94) (3.28) (2.84) (2.15) (1.45) (0.24) (4.54)
βMKT 0.92 0.91 0.92 0.93 0.91 0.89 0.93 0.93 0.94 0.95 −0.03
(19.91) (26.72) (32.01) (36.50) (38.92) (39.69) (40.29) (38.04) (33.46) (24.12) (−1.06)
βSMB 1.12 0.94 0.87 0.77 0.78 0.77 0.80 0.82 0.89 0.88 0.24
17.14) (20.27) (20.29) (19.50) (21.85) (19.23) (24.47) (25.91) (27.15) (18.43) (4.45)
βMGMT −0.09 0.08 0.14 0.16 0.13 0.04 0.01 −0.06 −0.20 −0.49 0.40
(−1.11) (1.27) (2.49) (3.07) (2.57) (0.94) (0.16)(−1.10)(−3.22)(−5.98) (7.89)
βPERF −0.37 −0.27 −0.23 −0.17 −0.16 −0.16 −0.14 −0.17 −0.22 −0.36 −0.01
(−6.22)(−5.72)(−5.47)(−4.72)(−4.56)(−4.86)(−3.90)(−4.56)(−4.94)(−5.97) (−0.23)
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TABLE 12 Tests of Economic Mechanisms
This table reports the average slopes and t-statistics in squared brackets from monthly Fama-MacBeth regressions of stock returns from July of year t+1
to June of year t+ 2 on cost growth in fiscal year ending in calendar year t interacted with one proxy of investor underreaction and limits to arbitrage.
Eday is the earnings announcement days dummy that equals 1 over the 3-days window around earnings announcement day and zero otherwise. log(AC)
is the log of analyst coverage defined as the average monthly number of analysts who provide fiscal year t+1 earnings forecasts in year t. log(AT) is the
log of asset size defined as total assets in fiscal year ending in calendar year t. log(1+Age) is the log of one plus firm age defined as the number of years
listed in Compustat with non-missing price data at the end of year t. log(IVOL) is the log of idiosyncratic volatility defined as the standard deviation of
the residuals from regressing daily stock returns on market returns over the past 250 days ending on June 30 of year t+1. log(PRC) is the log of share
price measured as the stock price at the end of June of year t+1. log(ILLIQ) is the log of Amihud (2002) illiquidity measure defined as the average of
absolute daily return divided by daily dollar trading volume over the past 12 months ending on June 30 of year t+ 1. log(DVOL) is the log of dollar
trading volume defined as the sum of daily share trading volume multiplied by the daily closing price from July 1 of year t to June 30 of year t+1. All
the proxies are standardized to zero mean and unit standard deviation. Other controls include log(ME), log(B/M), r−12,−2, and r−1, as well as industry
fixed effect with Fama and French (1997) 48 industry classification. The sample period is 1968:07–2015:12.
Panel A: Investor Underreaction
CG CG∗Eday CG∗log(AC) CG∗log(AT) CG∗log(1+Age) Controls Industry
−0.642 [−7.83] −2.707 [−3.90] Yes Yes
−0.556 [−5.70] 0.274 [2.88] Yes Yes
−0.556 [−6.55] 0.232 [2.65] Yes Yes
−0.614 [−8.10] 0.190 [2.68] Yes Yes
Panel B: Limits to Arbitrage
CG CG∗log(IVOL) CG∗log(PRC) CG∗log(ILLIQ) CG∗log(DVOL) Controls Industry
−0.545 [−7.09] −0.496 [−5.31] Yes Yes
−0.614 [−7.23] 0.241 [2.70] Yes Yes
−0.565 [−6.33] −0.293 [−2.52] Yes Yes
−0.575 [−6.44] 0.230 [2.12] Yes Yes
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